Production credit is essential in enhancing the technical efficiency and welfare of smallholder farmers in Africa.
Introduction
Ghana's agricultural sector plays an integral role in the generation of employment and income for most households in rural areas. It contributed about 26% to the total gross domestic product in 2011 inspite of the discovery of oil and gas (MoFA, 2011) . The sector however lags behind the service sector in recent times due to a fall in the cocoa, forestry, and logging sub-sectors (ISSER, 2011) . Report from the Ministry of food and Agriculture (MoFA) has revealed that about 80% of the population in northern Ghana depends on subsistence agriculture with very low productivity and farm income (MoFA, 2011) , largely due to over-reliance on rain-fed agriculture under low farm input conditions. Low soil fertility has further worsened the plight of smallholder farmers who lack the capacity to invest in soil improvement technologies (MoFA, 2010) . Depletion of soil nutrient is a threat to agricultural sustainability and poverty reduction. Additionally, inefficiencies in fertilizer distribution networks limit access, and increase the cost of fertilizer in farming communities (FAO, 2005) .
Developmental efforts in addressing agricultural problems have focused on improvement in land productivity whilst ensuring environmental sustainability. Among the strategies employed in the improvement of productivity and efficiency include the promotion of accelerated adoption of improved crop varieties, increased restoration of soil nutrients through the use of organic fertilizers, inorganic fertilizers, and the adoption of improved soil and water conservation technologies (Oduol et al., 2011) . The Alliance for a Green Revolution in Africa Soil Health Project (AGRA SHP) 005 1 for instance, is an intervention implemented by Savanna Agricultural Research Institute (SARI) of the Council for Scientific and Industrial Research (CSIR) aimed at contributing to poverty reduction and food security in northern Ghana. The components of the project included technology transfer, capacity building and credit support. The credit component was very important because, productivity and overall welfare of farmers in developing countries is often greatly affected by lack of access to credit (Deb and Suri, 2012) . It is intended to assist smallholder farmers' access production input and subsequently impact positively on their technical efficiency (TE) 2 .
Literatures on the impact of an intervention on smallholder farmers' technical efficiency have been documented with different estimation methods depending on the underlying assumptions. Whilst some have used the propensity score matching methods, other studies have predicted impact by using the Stochastic Production Frontier (SPF). The traditional two stage estimation approach where efficiency is estimated in stage one and its determinants are identified in stage two by regressing predicted efficiency scores, obtained in stage one, on some explanatory variables have been criticized. Ideally, the efficiencies obtained from first stage are assumed to be normal, 1 The project was implemented in 2009 and extended to 2014 with financial support from AGRA 2 Technical efficiency reflects the ability of a firm to obtain maximum output based on a given set of inputs (Farrell, 1957) independent and identically distributed. The efficiency scores derived are not identically distributed in the second stage estimation using Ordinary Least Squares (OLS) leading to inconsistent results (Pitt and Lee, 1981) . Secondly, Tung (2013) also suggested the use of Data Envelope Analysis (DEA) at the first stage to calculate the technical efficiency scores and subsequently employ the Tobit model in the second stage. Alternatively, Simar and Wilson (2007) suggested using a bootstrap method to estimate bias-corrected efficiency scores during the first step due to serial correlation of the DEA efficiency estimates. In the second stage, Truncation regression is used as supposed to the Tobit model proposed by other authors. Sossou et al. (2014) and Reifschneider et al. (1991) have also used the stochastic frontier truncated-normal with conditional mean model to analyze the determinants of farmers' technical efficiency. The model allows capturing the double effect of the variable of interest as production input and as determinant of TE of a production system. The model was specifically used by Dinar et al. (2007) to assess the impact of extension access on farms TE. Asante et al. (2014) estimated the impact of adoption of the New Rice for Africa (NERICA) on the technical efficiency of smallholder farmers in Ghana using cross sectional data. By assuming that impact is heterogeneous across the population, the propensity score matching method was used to estimate the average treatment effect on the treated (ATT). Adoption of NERICA rice varieties was found to have a positive and significant impact on technical efficiency of rice producing households in Ghana. Abate et al. (2013) evaluated the impact of participation in agricultural cooperatives on technical efficiency of smallholder farmers using data from household survey in Ethiopia. The maximum likelihood estimation method was used to estimate the stochastic production frontier and technical inefficiency model. By assuming exogenous cooperative formation, they employed the propensity score matching to compare the differences in average technical efficiency between treatment and control groups. The study concluded that agricultural cooperatives enhance members' efficiency by easing access to productive inputs and facilitating extension linkages. Hormozi et al. (2012) also adopted the maximum likelihood estimation method to evaluate the impact of mechanization inputs and cultivation systems on the productivity and technical efficiency of rice production in the Khuzestan province in the southwestern part of Iran. They established a great variation in the levels of efficiency, which ranged from 0.15 to 0.99 with a mean of 0.67. They used the strong correlation between the mechanization index and technical efficiency to justify the impact of mechanization on the efficiency of rice producers. Ayaz et al. (2011) employed the maximum likelihood estimation approach to evaluate the impact of institutional credit on production efficiency of farming sector using Faisalabad district in Pakistan as a case study.
Based on the analysis, they found that institutional credit increases production efficiency by 14% and a mean efficiency score of 0.84. In Benin, Sossou et al. (2014) used the stochastic frontier truncated-normal with conditional mean model to study the impact of credit allocation behaviour of farmers. Per the analysis, they concluded that farmers who invest credit in the purchase of pesticides, herbicides, and fertilizers recorded a significant impact of 0.86% in TE.
Some studies (Ayaz, 2011; Tan et al., 2010; Mouelhi, 2009; Sidhu et al. 2008; Bashir et al. 2007 and Olagunju, 2007) have equated the coefficient of the treatment variable in the inefficiency model to the average impact.
However, the present study extended the frontiers of the argument by using the efficiency scores obtained from both parametric and non-parametric efficiency estimation to compute the ATT by employing the PSM method. The SPF function model was employed by this study to measure the technical efficiency of sampled farm households, as it is effective in estimating the efficiency score of households taking into account factors that are beyond the control of individual producers (Coelli et al., 2005; Kumbhakar and Lovell, 2000) . To check the consistency of the SPF estimates, the DEA approach was also used to generate the efficiency scores at the first stage followed by the PSM approach to determine the impact of the intervention on technical efficiency following the approach of Bernard et al. (2008) , Francesconi and Heerink (2010) , and Godtland et al. (2004) .
The Agricultural Credit Programme (ACP) in Northern Ghana
Northern Ghana has about 7 million hectares of arable land of which 70% is available for agricultural production.
The land is generally flat with soils which are predominantly lateritic with less than 0.5% organic matter, thus making the soils inherently poor in fertility. This situation is aggravated by very harsh and unfavourable climatic conditions of short and erratic rainfall patterns (MoFA, 2010) . This has led to a consistent decline in agricultural productivity and a widespread poverty over the years, especially in rural communities. The credit facility is in the form of chemical fertilizers, agrochemical, and quality seeds in addition to tractor ploughing. These inputs are procured prior to the start of the cropping season and stored in the warehouse of CARD.
The placement of the programme was largely determined by CARD based on the accessibility and the deprived nature of communities engaged in food crop farming system. As part of the selection criteria, the soil fertility was considered to be crucial, followed by the enterprising nature of the target group members, and participation in preseason training organized by the farm management and extension section of CARD. Participation in the credit programme was voluntary but the ultimate decision to grant the loan to beneficiary farmers was based on recommendation to the manager for final decision on loan approval. The credit programme was therefore exogenously assigned to not random farmers.
The total amount of credit allocated was usually determined at the beginning of the year and disbursed based on groupings. The process also included rigorous monitoring system conducted primarily by the district coordinators with support from the credit officers. The monitoring system involves on-site visits to farms to provide advisory services to ensure that good agronomic practices are being practiced. Credit repayments are made in-kind with bags of harvested maize. The repayment is done immediately after harvesting at a central location in the beneficiary community and subsequently conveyed to the head office of CARD. At the end of the harvesting season, all outstanding loans are declared delinquent and more intensive measures are used by the credit officers and district coordinators to retrieve the outstanding loans.
Methodology

Measuring Technical Efficiency
A production system that achieves a maximum attainable quantity of output from a given inputs is described as technically efficient (Aigner et al., 1977) . Parametric and non-parametric methods are the approaches widely applied in the estimation of technical efficiency. In order to check for consistency based on the efficiency scores generated, the two approaches were both employed. The efficiency scores obtained from both approaches were then compared to establish similarity or variance.
The parametric approach applies econometric methods of either deterministic or stochastic modeling. The deterministic model regards all deviations in output as technical inefficiency effects regardless of the fact that, deviations in output could be beyond the control of the producer (Onumah, 2010) . The SFP allows for estimation of the household efficiency score by accounting for factors beyond the control of each producer. Additionally, it helps to understand the factors that determine technical inefficiency of farm households. The functional form adopted by the present study is the Cobb-Douglas production function as proposed by Battese and Coelli (1995) . The equation is specified as follows:
Where represent the quantity of maize output for the ℎ farmer, is the vector of ℎ inputs associated with the ℎ farmer, is a vector of unknown parameters to be estimated. The is the random error assumed to be independently and identically distributed as (0, 2 ). The is the non-negative ( ≥ 0) inefficiency error term.
The condition that is non-negative ensures that all observations lie on or below the stochastic production frontier (Aigner, Lovell and Schmidt, 1977; Coelli et al., 2005; Onumah et al., 2010) . Following from Battese and Coelli (1995) , the technical inefficiency effect is defined as:
Where is a vector of explanatory variables associated with the technical inefficiency effect which could include socioeconomic and farm management characteristics. is a vector of unknown parameters to be estimated and are random variables such that ≥ . Equations (1) and (2) were estimated using the maximum likelihood single-stage estimation procedure to obtain the technical efficiency scores.
The computation of TE in the econometrics literature is based on either input-oriented or output-oriented analysis.
According to FAO (2003) , the choice between the two depends on the objective of either input minimization or output maximization, without changing any of the other elements. The input-oriented measure was used in the estimation of the TE. The non-parametric data envelope analysis was also used to generate the efficiency scores for the impact analysis based on the assumption of constant return to scale 3 . The DEA creates a non-parametric piecewise surface over the data (Coelli et al. 2005) . Assuming there are data on N inputs and M outputs for each of I firms. The column vectors of inputs and outputs are denoted by and , respectively for the i-th firm. The Nx1 input matrix, X, and the Mx1 output matrix, Q, represent the data for all I firms. By using the duality in linear programming, an envelopment form of this problem can be derived such that;
Where is the efficiency score of the i-th firm and is a Ix1 vector of constants. The value of must satisfy the restriction: 0 ≤ θ ≤ 1. If θ = 1; it indicates that the firm is on the production frontier and is technically efficient. On the other hand, if θ ≤ 1, then the firm is technically inefficient (Coelli, 2005) .
Measuring Impact
Impact evaluation has been estimated using different approaches that ranges from simple to more sophisticated methods. Some studies use the differences in mean outcomes of treatment and control groups. In some cases, simple regression of an outcome equation with a treatment variable as one of the explanatory variables has been conducted.
However, such methods have been criticized due to their failure to effectively solve the problem of self-selection and selection on unobservable associated with sampling and data collection (Imbens, and Wooldridge, 2009; Heckman and Vytlacil, 2005; Lee, 2005; Imbens, 2004; Rosembaum, 2002; Heckman and Robb, 1985; Rosembaum and Rubin, 1983; Rubin, 1974) . According to Alston and Pardey (2001) and Salter & Martin (2001) , establishing a viable counterfactual, attributing the impact to an intervention, and coping with long unpredictable lag times are the three (3) main challenges in conducting impact evaluation. Technically, the counterfactual 4 analysis enables evaluators to attribute cause and effect between interventions and outcomes. The key challenge in impact evaluation is that the counterfactual cannot be directly observed and must be approximated with reference to a comparison group. On the other hand, the choice of a specific estimation method depends largely on the assumptions made and the theoretical underpinning.
3 The CRS assumption states that a given and proportionate increase in all inputs in the long run will result in an increase in output in the same proportion. 4 The 'counterfactual' measures what would have happened to beneficiaries in the absence of the intervention, and impact is estimated by comparing counterfactual outcomes to those observed under the intervention.
The treatment effect estimation approach was used by this study to determine the impact of credit on technical efficiency due to its ability to produce consistent estimates of impacted outcomes (Imbens & Wooldridge, 2009 ). It was assumed that the smallholder farmers had two hypothetical potential technical efficiency outcomes, , given access and non-access to credit (T) such that = 0 = 0 = 1 = 1. The average treatment effect for a randomly selected household is expressed as:
Given the treatment status, the average treatment effect on the treated (ATT) which measures the impact of credit on those individuals who had access to the credit (i.e. T=1) is given as:
However, these parameters are not observable, since they depend on counterfactual outcomes. Given the fact that the average of a difference is the difference of the averages, the ATT can be rewritten as:
The average outcome that the treated individuals would have obtained in the absence of treatment is not observed. In such types of casual inference, the estimation of treatment effects in the absence of information on the counterfactual poses an empirical problem known as the problem of filling in missing data on the counter-factual (Becker and Ichino, 2002; Dehejia and Wahba, 2002; Rosenbaum and Rubin, 1983) . The challenge is to find a suitable comparison group with similar covariates and whose outcomes provide a comparable estimate of outcomes in the absence of treatment.
Self-selection among participants is one of the major challenges with ex-post evaluation studies given that participation may depend on the inherent characteristics (preference, expected benefit, skills) especially where there is no ex-ante study to assess the behavior of treated group before being treated (Abate, 2013) . Credit was exogenously assigned to non-randomly sampled farmers by the AGRA SHP 005 even though farmers' willingness to access the credit was one of the considering factors. Assignment of credit and technical efficiency may be interdependent such that technically efficient farmers will be more likely to receive credit whereas farmers with credit may increase their technical efficiency. This situation results in selection bias since unobservable factors influence both the error terms of the outcome equation, and that of the credit choice equation (Greene, 2003) . The use of OLS in estimation of the outcome equation will be biased.
The Heckman two-step model has been used to address selection bias especially when the correlation between the error terms is greater than zero. The model however, depends on restrictive assumption of normally distributed errors. The instrumental variable approach has also been used with major limitation of difficulty in the identification of an appropriate instrument in the estimation. Additionally, both OLS and IV procedures tend to impose a linear functional form assumption implying that the coefficients on the control variables are similar for adopters and nonadopters (Ali and Abdulai, 2010) . The Propensity Score Matching (PSM) technique was therefore used to control for the selection bias since it accounts for the differences between the outcomes of the treated and control groups (Francesconi and Heerink, 2010; Bernard et al., 2008 and Godtland et al., 2004) . The PSM provides unbiased estimate through controlling for observable confounding factors and reducing the dimensionality of the matching problem (Becker and Ichino, 2002; Rosenbaum and Rubin, 1983) .
Propensity Score Matching (PSM) Methods
The PSM method was employed in the impact estimation of credit on smallholders' technical efficiency based on the assumptions of conditional independence and the presence of a reasonable overlap of propensity scores (common support) (Winters, 2010) . The method is intuitively attractive as it helps in comparing the observed outcomes of treated with the outcomes of the counterfactual control group (Heckman et al., 1998) . It helps to evaluate programs that require longitudinal datasets using single cross-sectional dataset where the former does not exist. The PSM method basically matches observations of farmers with credit and non-credit farmers according to their predicted propensity of accessing credit (Rosebaum and Rubin 1983: Heckman et al., 1998; Smith and Todd, 2005; Wooldridge, 2005) . In the first step, the conditional probability of credit (propensity score) was estimated using the Probit model by controlling for observed household characteristics. The second step is the estimation of the ATT using the matching methods. Detailed discussion on the estimation of the ATT through matching procedures can be obtained from Becker and Ichino (2002) , Dehejia and Wahba (2002) , Heckman et al. (1997) , Rosenbaum and Rubin (1983) , Smith and Todd (2005) , and Todd (2006) . The nearest neighbor, Radius, Local linear and Kernel matching methods were both used to compute the impact estimate and the results compared to check for robustness. Technical efficiency was the outcome variable in the analysis.
The analysis was further subjected to test of unobserved heterogeneity. According to Becker and Caliendo, 2007; Keele, 2010; Rosenbaum, 2002; Rosenbaum and Rubin, 1983 , unobserved heterogeneity (hidden bias) occurs when unobserved variables influence both the treated variable and outcome variable simultaneously. In the absence of experimental data, it is not possible to estimate the magnitude of selection bias (Rosenbaum, 2002) . Secondly, the Rosenbaum bounds sensitivity analysis was used to evaluate the presence of unobserved heterogeneity when the key assumption is relaxed by a quantifiable increase in uncertainty.
Results
Descriptive Characteristics of Farm Households by Credit Status
A summary of the characteristics of the selected farm households by treatment status is presented in Table 1 . Based on the sampled households, about 26% were provided credit. The results show significant differences in the means of household size, proportion of educated members, membership of FBO, access to extension service, access to market, and distance to the nearest market among farmers with credit and non-credit farmers. The significant differences in the means show the non-random selection of the households thus the use of mean difference between the outcomes of the control and treated will be erroneous in terms of causal interpretation. Farmers with credit had relatively higher household size and extension access. However, the non-credit farmers had more educated members, higher market access, and travelled longer distance to the nearest market relative to the farmers with credit. Notes: Standard deviations are in parentheses. The t-statistics was used for two groups mean comparison *** p < 0.01, ** p < 0.05 and * p < 0.10
Technical Efficiency Score and Estimated Probability of Credit Access by Treatment Status
The summary statistics of the impacted outcome variable (technical efficiency scores) derived from both the parametric and non-parametric approaches are presented in Table 2 . The results show that about 26 percent of the households were provided with credit. It was observed that on the average, farmers with credit had significantly higher technical efficiency (0.62) compared to the non-credit farmers (0.53) at the 5 percent level of significance.
The treated category households can therefore be described as more technically efficient. Consequently, the control group recorded higher minimum and maximum technical efficiency relative to the treated category. However, the standard deviation was almost the same across the sampled households. The mean efficiency scores derived from the DEA shows no significance difference between the treated and control groups. Comparatively, the TE score obtained from the SFM was relatively higher than that of the DEA. 
TE Scores
Treated (N=58) Control (N=165) Overall (N=223) Figure 3 . Distribution of common support region by treatment status
Determinants of Technical Efficiency
The parameters for the Cobb-Douglas stochastic frontier production function and technical inefficiency parameters were estimated using the maximum likelihood (ML) estimation procedure. A summary of the results are presented in Table 3 . The coefficients of the input variables represent the elasticity. The positive significant effect of the variables confirms the monotonicity condition that all marginal products are positive at the mean input levels. The results indicate that fertilizer, land, seed and herbicides were the significant determinants of maize production. By increasing the levels of fertilizer, land, seed and herbicides to a certain maximum level, output was likely to increase. The value of gamma indicates that there was a 98 percent significant variation in output due to technical inefficiency. This indicates that the technical inefficiency effects are a significant component of the total variability of maize output. Finally, the sigma-squared (σ2u/σ2) value of 0.526 implies that the variance in the stochastic error is less than the farm specific error term (Table 3 ).
The coefficient of the production frontier variables indicates that, if land under maize cultivation, with the required quantities of seeds, fertilizers and herbicides were to be individually increased by 1 percent, then the mean production of maize is estimated to increase by 0. The inefficiency model suggests that inefficiency of farm households was significantly associated with age, proportion of economically active members, access to production credit, access to market, per capita income and distance to nearest market. Production credit impacted smallholders' technical efficiency positively and significantly by 0.42 units. Credit enabled farmers to overcome their financial constraints by investing in inputs and technologies that impacted positively on their technical efficiency.
Determinants of Credit and Average Impact of Credit on Technical Efficiency
The probit model was used to estimate the conditional probability of accessing credit (propensity score) given observed household characteristics where the dependent variable equals one if the household had access to credit and zero otherwise. A summary of the probit result is reported in Table 5 . Credit was positively and significantly determined by access to extension service, participation in the AGRA SHP 005 and proportion of off-farm income.
However, land fragmentation and access to market significantly reduced the probability of farm households to access credit (Table4). Land fragmentation was expected to influence credit both positively and negatively. According to Latruffe et al. (2013) , land fragmentation may exacerbate conflicts regarding labor allocation on the farm as it takes time to travel from one plot to another while the labor force could be undertaking more productive tasks. In such cases, financial institutions may be reluctant to provide production credit especially where there is challenge with effective management of the farm plots. The probability of receiving credit among farm households with access to extension services is 117% higher than the household heads that do not have access to extension service. Extension of good agricultural practices plays a major role in stimulating farm level productivity which increases individuals' chance of receiving credit. It was established per this study that access to market does not necessarily guarantee access to credit. Conditions that guarantee credit goes beyond market access especially in the formal systems of credit supply.
Participation in the AGRA SHP 005 increases the probability of receiving credit since the project provides credit support for smallholder farmers. Participant household heads have 45% chance of receiving credit relative to the non-participant household heads (Table 4) . It is assumed that participant household heads have undergone training which guarantees them credit per the activities of the project. Proportion of off-farm income increases the probability of accessing credit. Most financial institution requires some financial commitment before providing credit to these smallholder farmers. Farm households that earn off-farm income are able to overcome the financial requirement of the financial institutions thus increasing their chances of accessing credit.
A balancing test 6 was conducted to establish whether farmers with credit and non-credit farmers have the same distribution of propensity scores. The matching was restricted to the two categories with common support in the distribution of the propensity scores to improve the robustness of the estimate. The unmatched sample fails to satisfy the balancing property as there were significant differences between the means of access to extension service, market and proportion of off-farm income before the matching (Table 5 ). However, results of the balancing test after matching indicated that there was no statistical difference in observed characteristics between the two groups (Table 5 ). Based on the result, it was concluded that the comparison was statistically valid. Results of balancing test from other matching methods (nearest neighbor and radius) are reported in Table A1 in the appendix. The balancing test was satisfied by all the matching methods. Table 6 presents the results of the Average Treatment effect on the Treated (ATT) using different matching methods. The standard errors of the impact estimates were calculated by bootstrap using 50 replications for each estimate. The results revealed that access to production credit had a significant positive impact on technical efficiency. For all the matching methods with the exception of local linear, positive impact was realized at the 5 percent level of significance (Table 7) . Farm households with access to credit reported 8.2% increase in their technical efficiency on average compared to the control farm households. In other to ensure consistency in the result, the Inverse Probability Weighting (IPW) and nearest neighbor method (NN) were used to estimate the ATT using efficiency scores from the DEA. The ATT computed using the efficiency scores from the DEA was similar to the results obtained from the SPF approach. By using the IPW and NN methods the results showed that farmers with credit are 8.2% and 8.8% technically efficient than non-credit farmers respectively. The present study assumed conditional independence implying that credit is based on observable characteristics and that variables simultaneously influencing credit and technical efficiency are observable. The result of sensitivity analysis for both sided significance (positive and negative) for all the matching methods are presented in the appendix (Table 1B) . For the purpose of discussion, the result from Kernel matching with the positive significance (sig+) was used. It was observed that the results were insensitive to any hidden bias that may undermine the significant positive impact of credit on technical efficiency centered on the matching methods.
Discussion
Determinants of Production and Technical Efficiency
The study has shown variation in the technical efficiency of farmers with credit and those without credit. Farmers with credit were relatively more technically efficient than non-credit farmers. Given the technology currently used, farmers with credit and non-credit farmers were respectively producing maize at about 62 per cent and 53 percent of the potential frontier output. The implication is that in the short run, there is capacity for increasing technical efficiency in maize production by 38 percent and 47 percent respectively without necessarily varying the existing input levels. Output of maize was determined by area under maize cultivation, seed, fertilizers and herbicides.
Farmers in northern Ghana have high land-use intensity which is not complemented with proportional increase in productivity enhancing technologies such as fertilizer use. High cost of fertilizers mostly constrained smallholder farmers in terms of adoption and use which impacted negatively on output. The returns to scale value imply that, on the average, maize farms in northern Ghana are operating under increasing returns to scale. Hence, a percentage increase in all factors of production will result in 1.41percent increase in output, ceteris paribus. The result is consistent with the findings by Amos (2007) and Idiong (2007) who obtained returns to scale values of 1.26 and 1.57 respectively. Interventions that focus on increase in maize output must make long term investment in land productivity and seed. Farm households in the study area must diversify their income source in order to make commitment towards investment in farm technologies thus improving the household food insecurity.
Age, proportion of economically active members, access to production credit, access to market, per capita income and distance to nearest market determined the technical efficiency of farmers in the study area. Older farmers were more technically inefficient relative to the younger farmers. Younger farmers are more dynamic in terms of technology adoption that will impact on their efficiency. It is possible that older farmers rely on the experience which affects their willingness to adopt new technologies. The results confirm the findings of Shaheen, Sial, Sarwar and Munir (2011) and Onumah et al. (2010) who both suggested that younger farmers are more progressive and willing to implement new technologies and are therefore more technically efficient than older farmers. The use of household size may not necessarily reflect the true effect on technical efficiency therefore the proportion of economically active persons was rather used. Economically active members of households were more technically inefficient perhaps due to lack of investment of earned income in agriculture as well as insufficient time allocation to farming. Targeting of farmers with agriculture as principal occupation coupled with training will be more expedient to improve TE gains in northern Ghana. Farmers with reported access to credit have higher TE results.
Credit enables farmers to invest in productivity enhancing technologies. As parts of the effort to ensure the adoption and utilization of fertilizers by farmers, Karimov, (2014) and Bozoglu and Ceyhan (2007) found a similar positive impact of credit on TE of farmers in Uzbekistan and Turkey respectively. Contrary to expectations, farmers with access to market were technically inefficient. The results imply that market access is not a sufficient motivation factor for farmers to effectively allocate resource for increase in maize output. The ability to overcome the barriers to entry is considered to be crucial. Surprisingly, farmers that travelled longer distance to market were more technically efficient. Distance to market imposes a transaction cost that impacted farmers' attitude towards the purchase and use of inputs. It is also possible that farmers were getting a relatively lower price for the inputs at a distant market. Finally, per capita income was not enough measure of farmers TE. High-earning income farmers may have competing needs which influence the allocation of resources. Allocation of resource towards agriculture is likely to increase efficiency and vice versa.
Impact of Credit on Technical Efficiency
The results of the study showed that credit had a positive impact on technical efficiency of farmers in northern Ghana. Farmers' technical efficiency increases by 8.2% with an increase in credit supply which is relatively low.
Increase in TE can be achieved with increased participation in credit market through reduction in interest charges on credit. Providing credit to smallholder farmers will translate to increase in the use of agricultural technologies such as improved seed, fertilizers and herbicides ceteris paribus. Few skilled laborers exist but are expensive to hire.
Most farmers are not able to afford mechanization services provided by private enterprises as a result of lack of funds. The opposite is true for farmers that have credit facilities. The efficiency gains per access to credit support the findings of Karimov (2014) . In Ghana, Asante et al., (2014) established a 3.1% increase in technical efficiency for adopters of NERICA rice varieties. Abate (2013) also found that participation in agricultural cooperatives increases technical efficiency by 5.6% in Ethiopia. Chaovanapoonphol, et al., (2009) 
Conclusion
This paper assessed the impact of credit on the technical efficiency of smallholder maize farmers based on crosssectional household data from 223 farm households in northern Ghana. By assuming exogeneity in the assignment of the credit programme and non-random selection of farmers, the Propensity Score Matching techniques was employed to compare the average technical efficiency difference between treated and control farm households.
Based on the results, it was deduced that in the estimation of ATT, technical efficiency scores generated from both the parametric and non-parametric methods respectively generate the same result.
The study showed that access to credit had a positive and significant impact on the technical efficiency of maizeproducing households in northern Ghana. More specifically, farm households with credit are able to generate maximum possible output from a given set of inputs used by at least 8.0 percent on the average. Credit enables farm households to overcome the difficulty in the purchase of inputs and adoption of technologies that increases productivity. Provision of credit especially in-kind as a policy tool is essential for enhancing the technical efficiency of smallholder farmers in Ghana. The findings of this study also suggests that policy to enhance farmers' technical efficiency should focus on age, household structure, market access as well as interventions that impacts on the per capita income of household heads. 
